Subtle changes in the directional wave climate driven by changes in large scale climate variability have the potential to result in spatial changes (erosion and accretion) of sandy coastlines due to deviations in longshore sediment transport supply. 50+ years of hindcast offshore directional wave conditions for southeast Queensland, Australia were used to derive yearly wave climates that were input into a spectral wave model to estimate nearshore breaking wave conditions and resulting longshore sediment transport along a 35 km stretch of sandy coastline. The results presented here indicate strong links between these large scale climate indices and estimated longshore transport (0.69 ≤ R ≤ 0.83), such that a simple model derived from knowledge of these indices could be used as a first pass estimate of spatial and temporal variability in longshore sediment transport and resulting large scale coastal evolution.
Introduction
Understanding the impacts of variations in wave height and wave direction, as well as the timescales of these changes is crucial in predicting future shoreline position. For instance, seasonal scale shoreline evolution has been linked to variations in wave height (e.g. Shepard, 1950; Bascom, 1953; Thom and Hall, 1991) .
Larger waves, and more frequent storms during the winter months result in beach recession, while calmer conditions encourage shoreline progradation. In many short-term (3 -5 year) studies, this seasonal variability in wave climate is the key driver of inter-annual shoreline variability. During El Niño-Southern Oscillation (ENSO) events, these seasonal increases in wave heights can also be associated with increases in storm frequency, duration, and intensity and changes in mean wave direction (e.g. Ranasinghe et al., 2004; Goodwin, 2005; Hemer et al., 2007; Harley et al., 2010) . A number of researchers have reported on the directional changes in storm waves associated with ENSO events and shoreline response, including oscillation, and beach rotation due to changes in the predominant wave energy impacting the coast and the direction of longshore transport (e.g. Ranasinghe et al., 2004; Adams et al., 2008 Adams et al., , 2011 Barnard et al., 2011; in press). Along the south-east Australian coast, where waves are predominately from the south-east, La Niña events result in anit-clockwise shift in wave direction, an increase in storms, and on pocket beaches, an anti-clockwise rotation of the beach face as the northern end of beaches erode and the southern end accretes (e.g. Ranasinghe et al., 2004; Harley et al., in press) . Similarly, on west coast US beaches, El Niño events result in storm waves approaching more from the south and/or west (anti-clockwise rotation), erosion at the southern ends of beaches and accretion at the north resulting in a general anti-clockwise rotation of the beach (e.g. Adams et al., 2011; Barnard et al., 2011) .
Beyond seasonal scale variability in wave height, long term changes in both wave height and in wave direction are predicted under future climate scenarios by a number of researchers(e.g. Hemer et al., 2009 Hemer et al., , 2010 Ruggiero et al., 2010b) .
Changes in wave height and wave angle influence the amount of wave energy arriving along the coastline, and in turn, longshore energy flux, currents and longshore sediment transport. Several studies (e.g. Peterson et al., 1990; Ruggiero et al., 2005; Ashton and Murray, 2006a,b; Goodwin et al., 2006; Ruggiero et al., 2010a; Hansen and Barnard, 2010) note that understanding the gradients in longshore transport and sediment budgets may be the most important factor in predicting decadal scale evolution of open coastlines. Cowell et al. (1995) showed that a 1% deficit in longshore transport sand supply could have the same impact as 0.5 m sea level rise in terms of shoreline retreat and is therefore an important 3 parameter that needs to be considered.
The aim of this paper is to determine the relationship between ENSO-time scale (5-12 years) deviations in the directional wave climate and estimated longshore sediment transport. Timeseries of directional offshore waves were condensed using a data-clustering method to a number of representative annual directional wave climates (H s , T p , θ), where H s is significant wave height, T p is peak wave period, and θ is mean wave direction. These representative annual wave climate parameters (herein referred to as cluster centers) were the input to a standard nearshore spectral wave model to determine nearshore wave conditions at the 10 m contour for a 35 km stretch of coastline located along the Gold Coast, Australia ( Fig. 1) . At six predefined transects, waves were then shoaled and refracted along high resolution bathymetry to determine breaking wave heights, H b , and breaking wave angle with respect to the local shore-normal, θ b . Breaking wave conditions were used to provide estimates of wave induced longshore sediment transport by the formulation of Kamphuis (1991) . The resulting spatial and temporal variability of annual net longshore transport were compared to two major climate variability indices that significantly influence East Australian climate (Goodwin (2005) , Fig. 2 ): the Inter-decadal Pacific Oscillation (IPO) and the Southern Oscillation Index (SOI). ENSO scale variability is measured via the SOI that is derived from the normalized mean sea level pressure differences between Tahiti and Darwin (Troup, 1965) . The IPO index is similar to the Pacific Decadal Oscillation (PDO), however, is Pacific wide and manifests itself symmetrically approximately around the equator. It is measured as the 3rd
Empirical Orthogonal Function of a 13-year lowpass filtered global sea surface temperature projected onto annual data (Folland et al., 1999) .
The remainder of the paper is broken down as follows. The study region is briefly described in Section 2. Section 3 summarizes the data used in the present study, including a description of the sediment transport equations and the wave 4
clustering method used to describe the annual wave climate. Correlations between climate indices and deviations in longshore transport are presented in Section 4
and a model describing the relationship between the two is developed. Results are further discussed and major findings summarized in Section 5.
Study Area

Geography
The Gold Coast is located in southeast Queensland, Australia, extending from the New South Wales -Queensland border to the entrance of the Nerang River (Fig. 1) . The 35 km coastline is characterized by fine to medium sand-sized grains (0.2 mm < d 50 <0.3 mm) with a primary dune system. The nearshore morphology is an energetic intermediate beach (Wright and Short, 1984 ) with a double-barred system (van Enckevort et al., 2004) . Both cross-shore and longshore processes affect the temporal evolution of the shoreline. As observed on other wave-dominated coasts, a strong seasonal signal in the shoreline is present (Davidson and Turner, 2009) . Net longshore transport for the region is frequently quoted as 500,000 m 3 /yr to the north (Dyson et al., 2002; Patterson, 2007; Castelle et al., 2009 ), referring to the seminal studies completed by Delft Hydraulics Laboratory (DHL, 1970 (DHL, , 1992 . However, spatial and temporal variations in this estimate are present due to spatial variation in wave exposure and sediment supply (Patterson, 2007) .
Interspersed along the coast are three natural headlands (Point Danger, Currumbin Rock, and Burleigh Headland) and four river inlets that alter the natural longshore transport of sand. Point Danger, located at the Queensland -New South Wales border shadows the southern end of the coast from the dominant southeasterly wave climate. The rivers may be considered as a modest and localized net sink for sediment and are periodically dredged. Both the Nerang and 5 Tweed River entrances have training walls that disrupt the longshore transport such that sand by-passing systems have been installed at both sites. Historical pumping rates vary between 400,000 m 3 /yr and 800,000 m 3 /yr (Patterson, 2007; Castelle et al., 2009 ). The Tweed River by-passing system transports sand from Letitia Spit, New South Wales (Fig. 1 , ETA 08) to several sites between Duranbah Beach and Kirra Point, Queensland, depending on prevailing beach conditions (Dyson et al., 2002; Castelle et al., 2009 coast. An artificial reef is located offshore of Narrowneck at ETA 67 to provide additional shoreline protection and additional surfing amenity (Turner, 2006) .
Additionally, most of the coastline is backed by a boulder wall running parallel to the shoreline, limiting shoreward retreat and sediment supply.
Wave Climate
The predominance of southeasterly waves at this site results in a net longshore transport to the north. A more detailed decomposition of the wave field reveals five main wave climate categories. Ground or long-period swell, GS (T > 10 s), is generated in the Southern Ocean and mid-latitudes and occurs year round. It is classified by long periods and low to medium wave heights coming from the south to southeast. These waves infrequently impact the Gold Coast due to their angle of incidence with respect to the coastline (Fig. 1) . Medium-period swell, S (8 s< T < 10 s), generated in the Tasman Sea also occurs year-round and is the dominant inshore wave climate along the east coast of Australia. During the Australian summer months, local wind seas, W S (T < 8 s), are also present.
These are locally generated, short period waves with wave height and direction Re-Analysis (ERA-40) and interim (ERA-Int) data sets were used. The ERA data sets have been extensively used in previous studies to examine interannual wave climate variability in the Southern Ocean (Hemer et al., 2007 (Hemer et al., , 2009 Harley et al., 2010) . Directional wave data H s , T 02 , and θ, where T 02 is the mean wave period based on the 2nd moment, at 6-hourly intervals was available from 1958 7 to present and constituted the longest directional data record in the area. Caires and Sterl (2005) noted that the original ERA-40 model (1958 -2001) under-estimated large waves compared to measured data and applied a correction factor to the ERA-40 wave heights (referred to as C-ERA-40). Sterl (2001, 2005) also noted that ERA generated wave periods tended to be slightly over-estimated for swell-dominated sea states, especially in the Pacific Ocean.
The two main reasons given were that the coarse grid resolution of the model did not adequately resolve small islands, allowing swell energy to pass through For the present study, data was extracted from model grid point coordinates (28.5 0 S, 154.5 0 E) located approximately 122 km southeast of the Gold Coast Seaway (Fig. 1) . The southern grid point was chosen due to the dominant 8 southerly wave climate of the region. The three ERA data sets available were combined into a single data set herein referred to as the ERA data. Mean wave period and mean wave angle from ERA-40 (1958 ERA-40 ( -2001 , along with the C- ERA-40 (1958 ERA-40 ( -2001 wave heights were combined with the ERA-Int (2002 -present) data. Overlapping time series between the initiation of the ERA-Int re-analysis and the C-ERA-40 data sets (1989 -2001) were used to determine a non-linear correction factor for the ERA-Int wave heights using a Generalized
Additive Model (GAM) technique. Mean wave period from the ERA data set was transformed to peak wave period based on the method of Paik and Thayamballi (2007, p.106 ) assuming a JONSWAP (γ = 3.3) spectrum (Hasselmann et al., 1976) .
A data clustering method based on the work of Bagirov (2008) and the distance function of Dagnelie (1975) was used to condense the annual wave data into a representative number of data points based on their cluster centers, x j = (H s ,T p ,θ) j , where() indicates the mean of all data belonging to that cluster. For each iteration, k, every data point (a i = (H s i , T p i , θ i )) was assumed a possible centroid of the next cluster, y k . Data points were assigned to clusters based on minimization of the distance matrix:
where
is the vector of all cluster centers, x j , m is the total number of data points considered in R n , the real-valued n-dimensional space, w ij is a weighting function that was equal to 1 if data point, a i , was within cluster j, and 0 if it lied outside.
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The distance function has been used in previous studies to condense wave climates (Butel et al., 2002; Abadie et al., 2006; Bertin et al., 2008 ) and applied in longshore transport studies (Abadie et al., 2006; Bertin et al., 2008) longshore transport estimates when their data clustering criteria was a function of (H 2 s , T , θ). Therefore, the generalized distance equation used in the present study was:
where σ 2 is the variance of the associated variable. A detailed description of the clustering technique can be found in Bagirov (2008) .
The benefit of this method over those described in Butel et al. (2002) A summary of the wave climate is given in Table 1 For the purpose of this study the widely used formulation of Kamphuis (1991) was adopted to estimate longshore transport: Time-averaged (1958 -2009) estimated longshore transport rates (net and gross) for the six study sites are presented in Figure 5 . Estimates for the more exposed areas of the study area (ETA 08, ETA 58-79, Fig. 1 ) are in general agreement with previously published estimates of longshore transport in the area (DHL, 1970 (DHL, , 1992 Patterson, 2007) . Using time series buoy data from the Brisbane wave recorder, Patterson (2007) estimated the annual net longshore sand transport to be 635,500 m 3 /yr for the Spit (∼ ETA79) and 540,000 m 3 /yr for Narrowneck (∼ ETA 67). By comparison, the wave clustering method forced by ERA data estimated transport at these 2 sites to be 715,000 m 3 /yr and 546,000 m 3 /yr, respectively. Differences in estimated transport at Narrowneck for the two methods are negligible (difference of 6,000 m 3 /yr), however, the transport estimates for the Spit presented here are larger using the clustering method than 
Results
Analysis of the wave clustering results show several interesting trends in the ERA data sets. First, the percent occurrence of storm waves shows an increasing trend through the IPO phases (Fig. 4) . During the negative phase of the IPO (1958 -1976) , the SOI index was on average more positive, and vice versa during the positive IPO phase (1977 IPO phase ( -1999 , therefore the magnitude of the cumulative SOI (or IPO) index may be a good indicator of storm activity off the east coast of Australia. On shorter time scales, La Niña phases coincide with more storms (Fig. 4) and is in agreement with previous results for this region (Ranasinghe et al., 2004; You and Lord, 2008; Harley et al., 2010) .
Correlation Between Net Longshore Transport and Climate Indices
Of particular interest within the context of this study is the inter-annual 1977 -1999) a slight shift to τ = 0 was observed (more significant lags were found at 6 and 9 years at some sites, Table 3 ). The relationship between IPO and ∆Q 5 was less obvious. During the negative phase of IPO, significant positive correlations between ∆Q 5 and IPO were observed at τ = +1 and negative correlations at τ = +9 and +10 years. During the positive phase, ∆Q 5 was positively correlated at most sites around τ = -14 and -10 years and at τ = +10 and +11 years.
Deviations in Net Longshore Transport Explained by Climate Indices
Based on the significant correlations found between the two smoothed individual climate indices and estimated deviations in longshore transport, a simple lagged-correlation regression model was developed to estimate ∆Q 5 based on the combined effect of both 5-year smoothed climate indices:
where lags, τ , were chosen based on the highest number of significant correlations at a given lag. Considering the variability in the SOI term dominates the signal variability and also contains a low-frequency modulation similar to that of the IPO index (Fig. 2) , an extra sum of squares (or partial F-test) test was used 15 to determine if the IPO index significantly improved the results over the simple 1-parameter SOI model:
For the negative IPO phase, lags at τ 1 = [−7, −1, 11] and τ 2 = [1, 2] were compared. The highest model skill was found using τ 1 = −1 and τ 2 = 2 (mean R 2 = 0.65, Fig. 7) , with the second highest using τ 1 = −1 and τ 2 = 1 (mean R 2 = 0.54). The model had significant regression skill (at the 95% level) at all sites, and only 1 site did not show a statistically significant improvement over the simpler 1-parameter SOI model (Table 4) were compared. The highest model skill was found using τ 3 = 6 and τ 4 = −10
(mean R 2 = 0.48, Fig. 8 ), with the second highest using τ 3 = 6 and τ 2 = −9
(mean R 2 = 0.48, Table 5 ). The model had significant regression skill at all 6 sites, however only 2 sites had a statistically significant improvement over the simpler 1-parameter SOI model. This suggests that during the positive phase of the IPO the directional wave climate off the east coast of Australia is primarily influenced by variations in the SOI rather than the interaction of both indices.
With τ 3 = 0, mean R 2 was reduced to 0.30 and the model had significant skill at 3 of the sites (1 of which had a statistically significant improvement of the 1-parameter model).
A model that could be used to predict deviations in longshore transport over all time scales would be ideal. To test this, only positive lags (knowledge of current and past climate indices) were considered in the lagged correlation model for the entire data record (1958 -2009) . A model based on τ SOI = 0 and τ IP O = 4 explained the largest percent of variance (mean R 2 = 0.49, Fig. 9 ). The model showed significant skill (95% level) at all sites and the 2-parameter model statistically improved the results over the simpler 1-parameter model at all sites (see Table 6 ). In general, larger coefficients were associated with the more exposed sites. and is a key feature influencing the climate around the southern hemisphere. Its location has been shown to be modulated by both the SOI and IPO (Salinger et al., 2001; Folland et al., 2002) . When the IPO is in its negative phase, the mean position of the SPCZ is shifted to the south-west (closer to Australia) and is 1976 -2010) at Collaroy-Narrabeen, NSW (Harley et al., in press ). Both Ranasinghe et al. (2004) and Harley et al. (in press) found an anti-clockwise rotation of the beach during positive SOI phases as wave energy shifted counterclockwise from south-south east to south-east/east. Similarly, the regression coefficients (Table 5) 
Discussion and Conclusions
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